Direction-selective neurons in primary visual cortex have small receptive fields that encode the motions of local features. These motions often differ from the motion of the object to which they belong and must therefore be integrated elsewhere. A candidate site for this integration is visual cortical area MT (V5), in which cells with large receptive fields compute the motion of patterns. Previous studies of motion integration in MT have used stimuli that fill the receptive field, and thus do not test whether motion information is really integrated across this whole area. For each MT neuron, we identified two regions ("patches") within the receptive field that were approximately equally effective in driving responses. We then measured responses to plaids whose component gratings overlapped within a patch, and compared them with responses to the same component gratings presented in separate patches. Cells that were selective for the direction of motion of the whole pattern when the gratings overlapped lost this selectivity when the gratings were separated and became selective instead for the direction of motion of the individual components. If MT cells simply pooled all of the inputs that endow them with a receptive field, they would encode all of the motions in the receptive field as belonging to a single object. Our results indicate instead that critical elements of the computations underlying pattern-direction selectivity in MT are done locally, on a scale smaller than the whole receptive field.
Introduction
Neurons in the primary visual cortex (V1) analyze the retinal image through receptive fields that are tightly tuned for stimulus position and orientation and do not signal whether the contours that activate them are part of a coherent figure. For example, their responses to plaids made by adding two gratings of different orientations are well predicted from the sum of their responses to the individual gratings (Movshon et al., 1985) . V1 cells thus do not use information contained in two-dimensional features such as the intersections of the gratings and are unable to integrate across spatial positions to obtain a unified estimate of object motion.
A candidate site for this spatial integration of motion information is macaque cortical area MT, which plays a central role in the analysis of visual motion (Dubner and Zeki, 1971; Albright, 1984; Newsome et al., 1985; Britten et al., 1992; Salzman et al., 1992) . Cells in this area have receptive fields ϳ10 times larger than in V1 and are all selective for the direction of motion. Some are component-direction selective and, like V1 cells, respond when any component of a complex pattern is moving in their preferred direction. Others, however, are pattern-direction selective and combine information from overlapping components to compute the true direction of movement of a coherent pattern (Movshon et al., 1985) . The responses of such a pattern cell to a plaid stimulus are therefore typically quite different from the sum of its responses to the individual gratings alone.
The basic computations that allow MT to integrate the direction of motion of multiple features are beginning to be understood. A widely accepted model (Simoncelli and Heeger, 1998) proposes that selectivity for pattern direction is the result of two mechanisms. The first mechanism is pooling of inputs from appropriate component-direction-selective cells, which could lie in area MT (Movshon and Newsome, 1996) , in V1, or elsewhere (e.g., visual areas V2 or V3); this pooling mechanism provides the basic integration of motion signals. The second mechanism is opponent inhibition, which reduces the responses to motion in the direction opposite to the preferred. A third factor contributing to pattern-direction selectivity has been proposed more recently (Rust et al., 2006) and consists of a contrast gain control mechanism akin to the one operating in V1, which effectively increases responses to plaids moving in the preferred direction of the cell. In combination, these three mechanisms are sufficient to accurately predict the responses of MT neurons (Rust et al., 2006) .
Neither the Simoncelli-Heeger model nor its refinements, however, specify how features are spatially integrated: overlapping and nonoverlapping features are treated identically. We studied this integration by comparing the direction selectivity of MT neurons to overlapping and nonoverlapping gratings presented within the receptive field. We reasoned that if the computation of pattern motion were local, the ability of the neuron to integrate the motions of the two gratings would be compromised when we separated them. If the pooling were global, and the neuron simply combined all of the inputs that contribute to its receptive field without regard to their receptive field location, then the neuron would signal a coherent direction of motion whether the gratings overlapped or not.
Materials and Methods
We studied the responses of 54 MT neurons in 12 anesthetized, paralyzed macaque monkeys. Our methods for animal preparation and data collection are standard in our laboratory and were described in detail previously (Cavanaugh et al., 2002) . All experimental work with animals was conducted according to procedures approved by the New York University Animal Welfare Committee.
We initially determined the location and size of receptive fields on a tangent projection screen. All cells had receptive fields centered within 25°of the fovea; most were within 15°. After mapping the receptive fields, we presented luminance-modulated grating and plaid stimuli on a gray background to the preferred eye; the space-and time-averaged luminance of the stimuli was 33 cd/m 2 , which was also the luminance of the background. For each cell, we determined the direction, speed, spatial frequency, and size of the luminance-modulated sine wave that evoked the strongest response from the cell. We then identified two regions ("patches") within the receptive field that were approximately equally responsive. We chose patch sizes that gave reliable responses to gratings, typically half the diameter (range 25-50%) of the most effective stimulus, and arranged them so that the patches abutted but never overlapped. The center-to-center separation between the two patches was 50 -75% of the diameter of the receptive field. We placed the patches along an axis parallel to the preferred direction of the cell.
We studied the direction selectivity of each cell using three patterns: gratings, plaids, and "pseudoplaids". For gratings and plaids, we tested each patch separately. Plaids were composed of two superimposed gratings whose direction of motion differed by 120°. For pseudoplaids, we presented one component of the plaid in each patch (this can be done in two configurations, ϩ120°or Ϫ120°). All three patterns were presented drifting in 12 directions of motion, in three to five pseudorandomly ordered blocks. Each stimulus was presented for 2 s followed by a brief interstimulus interval of ϳ300 ms. Response was measured by counting spikes over the entire stimulus interval.
Our analysis of directional selectivity was conventional (Movshon et al., 1985) . Using the directional tuning of each cell for gratings, we constructed predictions of responses to plaids for idealized patterndirection-selective and component-direction-selective cells. For pseudoplaids, the predictions were based on the separate grating tuning curves measured for each patch (Fig. 1a) . We computed partial correlations of the actual responses with the predicted tuning curves (Albright, 1984; Movshon et al., 1985) and transformed them into normal deviates using Fisher's r-to-Z transformation [see equations 13.13.3-5 in Hays (1981) ] (Smith et al., 2005) .
To allow histological confirmation of the recording sites, we made small electrolytic lesions at the end of each electrode track by passing DC current (2 A for 5 s) through the recording electrode. At the end of each experiment, the monkey was killed with an overdose of Nembutal and perfused through the heart with 0.1 M phosphate buffer solution and 4% paraformaldehyde. Sections (40 m) were stained for Nissl substance with cresyl violet or for myelin using the method of Gallyas (1979) . Most recording locations were confirmed directly; in the few remaining cases, we relied on the proximity to histologically confirmed recording sites and the high proportion of directional cells with receptive field sizes characteristic of MT as evidence that the recordings were from MT (Desimone and Ungerleider, 1986) .
Results
To determine whether a neuron was component-or patterndirection selective, we measured the direction selectivity within each patch using gratings and plaids composed of superimposed gratings whose direction of motion differed by 120° (Fig.  1a,b,d,e) . We used the grating response to make two predictions for the plaid response (Movshon et al., 1985) . A componentdirection neuron would have a bi-lobed tuning curve that peaks when either of the component gratings matches the preferred direction of motion of the cell (Fig. 1b,d , dashed lines). Conversely, a pattern-direction neuron would only respond when the pattern moves in the preferred direction, in which case the tuning curve for plaids (Fig. 1b,d ) would be similar to that for gratings (Fig. 1a,d ). The latter was the case for the example cell in Figure 1 , which we thus classified as pattern-direction selective.
To test the spatial integration properties of the neuron, we measured direction selectivity with the components of the plaids delivered separately to each patch (pseudoplaids). In response to pseudoplaids, the example cell was not selective for the direction of the pattern but rather responded when either of the components was moving in the preferred direction (Fig. 1c,f ) . Indeed, the tuning curves measured with pseudoplaids were substantially broader than those obtained with plaids (Fig. 1b,d ) and agreed well with the expectation for a component-direction cell (Fig.  1c,f, dashed lines) . To quantify the degree to which cells were selective for the direction of motion of a pattern rather than of its individual components, we computed the partial correlation coefficients between the pattern responses and the predictions of two models (Movshon et al., 1985) . The first model defines selectivity for component direction: its response to a pattern is the sum of its responses to the components. The second model defines selectivity for pattern direction: its response to a pattern is the same as that to a single component moving in the pattern direction. The partial correlation between the actual response and the predictions of these two models determines the classification of the cell. Because the confidence intervals around correlation coefficients are strongly dependent on the correlation, we used Fisher's variance-stabilizing r-to-Z transform to convert the correlations into Z-values that can be treated as normal deviates (Hays, 1981) . Transformation into Z space has the particular virtue for this analysis that distances between values have the same meaning everywhere in the space. Figure 2a shows the resulting distribution of correlation values, as measured with small plaids; the plotted values are the average of those measured for the two patches of the receptive field. The gray lines divide each plot into three zones. Points falling in the region marked "Component" indicate cells whose component correlation coefficients significantly exceeds either zero or the pattern correlation coefficient, whichever is larger. Similarly, cells falling in the "Pattern" region are significantly pattern-direction selective. Cells falling in the intermediate region are unclassed by this method, usually because their response is well predicted by both models. For small plaids (Fig. 2a) , the distribution of correlations is very similar to that previously reported, showing approximately equal numbers of cells as patterndirection selective (red, 20 of 54), component-direction selective (blue-green, 10 of 54), and unclassed (black, 24 of 54) (Movshon et al., 1985; Rodman and Albright, 1989; Smith et al., 2005) .
This distribution changed when pseudoplaids were used (Fig.  2b) . The data point for each cell retains the color given on the basis of the classification in Figure 2a . All but one of the 24 pattern-direction cells (red) migrated from the pattern region into the other two regions.
This migration can be visualized by computing and comparing a pattern index, the difference between the Z-transformed pattern and component correlation coefficients (Z p Ϫ Z c ), for the two conditions (plaids and pseudoplaids) for each cell. The distribution of pattern indices for pseudoplaids and plaids is shown in Figure 2c (colors retained from Fig. 2a) . The gray solid lines mark the boundaries of classification regions derived from those in Figures 2a,b . Data points falling on or close to the identity line (the dashed line) mark cells that had the same pattern index for pseudoplaids as that for plaids. It is clear from the graph that cells that were component selective in response to plaids remained component in response to pseudoplaids (all but one of the bluegreen data points are in the bottom left quadrant). However, all of the cells that were pattern selective in the plaid condition changed their behavior in the pseudoplaid condition. Approximately half of them become component selective, and the other half became Figure 2 . Summary of the results across the cell population. a, The degree to which cells are selective for the direction of a whole pattern or of the individual components as determined with small plaid stimuli. The Z-transformed partial correlations between the data and the "component" and "pattern" models are plotted against one another. Gray lines separate regions within which cells are classified as pattern-direction selective or component-direction selective, according to a conservative statistical criterion (Movshon et al., 1985) . Cells classified as pattern selective are indicated in red, as component selective in blue-green, and as unclassed by this method in black. b, A similar plot made from data taken from the same cells using pseudoplaids. The colors indicating the classification of the cells using small plaids are retained from a. c, The distribution of pattern indices for the two conditions, pseudoplaids and plaids. The pattern index is the difference between Z-transformed pattern and component partial correlations (Z p Ϫ Z c ). The gray lines bound regions of significance. We used a criterion difference of ϩ1.28 or Ϫ1.28, equivalent to p ϭ 0.90, for this purpose. Data points falling in the leftmost column 4 or the lowest row represent partial correlations that are significantly component. Data points in the rightmost column and the top row represent partial correlations that have a significant pattern. The colors indicating the classification of the cells using small plaids are retained from a. The outlying point with an arrow at the bottom right had a pseudoplaid pattern index of Ϫ9.8. In each plot, the datum circled in black corresponds to the cell whose responses are shown in Figure 1. unclassified. Among the cells that were unclassified when tested with plaids, half remained unclassified, and the other half behaved like pattern cells and became component. Thus, separating the components of a plaid into separate regions of the receptive field abolishes pattern motion selectivity in MT cells.
Discussion
These results do not support a simple model in which motion signals are pooled across an entire MT receptive field (Movshon et al., 1985; Snowden et al., 1991; Simoncelli and Heeger, 1998; Britten and Heuer, 1999) , because such a model would treat all of the motions in the receptive field as if they belong to a single object. Instead, our results show that the computation underlying pattern-direction selectivity in MT occurs on a scale finer than the whole receptive field and suggest that spatial coincidence of the components of a moving object is required. How can we incorporate these local computations into thinking about the organization of MT receptive fields and, in particular, the creation of pattern-direction selectivity? These computations could begin in earlier visual areas such as V2 and V3, where cells have smaller receptive fields and where small numbers of pattern cells are found (Levitt et al., 1994; Gegenfurtner et al., 1997) . But it does not seem reasonable to suggest that the small numbers of pattern cells in earlier areas directly create the much higher prevalence of pattern selectivity of MT. Alternatively, the local computation might be done within MT, perhaps through local dendritic interactions creating local pattern-direction selectivity by combining suitable inputs.
We prefer to think that the computation of pattern direction is begun in V1 but completed in MT. Rust et al. (2006) showed that they could account for MT response to gratings and additive plaids by linearly pooling the nonlinear outputs of directional neurons like complex cells in V1. They found that three factors were crucial for the creation of pattern-direction selectivity: a broad pooling of excitatory inputs from cells with varied preferred directions, a strong motion-opponent inhibition, and a tuned form of contrast gain control in the input V1 neurons. One of these mechanisms, broad pooling, is presumed to be a global feature of MT connectivity. But the V1 gain control would act locally, and there is also reason to think that opponent-motion suppression occurs in V1 (Rust et al., 2002) and is expressed locally within MT receptive fields (Qian et al., 1994; Rust et al., 2002) . Two of the three key elements of pattern selectivity may therefore depend on mechanisms whose spatial scale is finer than the MT receptive field, accounting for the result reported here.
It has been suggested that MT signals underlie the perception of coherent motion (Movshon et al., 1985) . The pseudoplaids used in our experiments do not cohere perceptually and are not combined by MT pattern neurons; thus, our results are not inconsistent with this idea. The key issue is how the visual system decides when, and whether, to combine signals over space.
Faced with multiple separated features, the visual system has to integrate over the ones that belong to a single object and segment the ones that belong to different objects. In psychophysical experiments, it has been shown that the arrangement of features influences whether observers group them into a single object or perceive them as separate objects moving in separate directionsit is harder to integrate features that are far apart (Wallach, 1935 (Wallach, , 1976 Nakayama and Silverman, 1988; Lorenceau and Zago, 1999) . But the separation of features is only one of several factors that influence perceived coherence. Several studies have shown that cues such as occlusion that influence coherence also change neural activity in MT Albright, 1992, 1994; Duncan et al., 2000; Pack et al., 2004) , and it might be that under different perceptual conditions, an experiment like ours would yield different results, reflecting the integration of information about scene organization with MT signals.
However, in the absence of contrast or depth cues, or special features like terminators, the visual system defaults to simple pooling over space to produce estimates of global velocity (Mingolla et al., 1992; Rubin and Hochstein, 1993; Lorenceau and Zago, 1999) . Neurons in MT behave similarly, their response to spatially separate features presented within their receptive fields being the average of their responses to each of the features presented alone, whether the features differ in contrast (Britten and Heuer, 1999; Heuer and Britten, 2002) or direction of motion (Britten and Newsome, 1990; Ferrera and Lisberger, 1997; Recanzone et al., 1997) . This pooling over the entire receptive field suggests that the segmentation computation is left for higher cortical areas, whose signals might feed back into MT under appropriate conditions.
In either case, the receptive field of MT cells is not the unit of motion integration for simple situations like the one we studied. Under our conditions, separation of the grating components abolished the computation of pattern motion, and the stimuli did not appear perceptually coherent. We therefore conjecture that signals from MT simply provide local motion measurements, which are integrated elsewhere with scene information to determine the final percept of coherent or incoherent motion.
